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of multi-spectral LiDAR waveforms by radiative transfer
modelling
Abstract
The concept for a multi-spectral, full-waveform canopy LiDAR instrument was tested by simulating
return waveforms using a model providing ecological sound tree structure (TREEGROW) and a model
of leaf optical properties (PROSPECT). The proposed instrument will take measurements at four
different wavelengths, which were chosen according to physiological processes altering leaf reflectance
and transmittance. The modelling was used to assess both the structural and physiological information
content such an instrument could provide, especially whether the normally structure-dominated return
waveform would pick up small changes in reflectance at the leaf level. Multi-spectral waveforms were
simulated for models of single Scots pine trees of different ages and at different stages of the growing
season, including chlorophyll concentration induced changes in leaf optical properties. It was shown that
the LiDAR waveforms would not only capture the tree height information, but would also pick up the
seasonal and vertical variation of NDVI computed from two of the four MSCL wavelengths inside the
tree canopy. The instrument concept was further tested in a simulation of a virtual forest stand
constructed of 74 trees of different ages according to measurements taken on a field site being 20 by 20
meter in size. A total of 1521 NDVI profiles were computed and mean NDVI corrected backscatter was
compared to the actual canopy profile of the virtual stand. The profiles picked up the seasonal variation
of chlorophyll within the canopy, while the return of ground remained unchanged from June to
September. Thus, it was shown that a MSCL instrument would be able to separately pick up the
physiology of canopy and understorey and/or soil. It was found that occlusion would mask the lower
parts of the canopy volume within the stand and the seasonal variation of this occlusion effect was
quantified, being larger in September, when the absorption of canopy elements is higher. In addition, it
could be demonstrated that a new multi-wavelength LiDAR predictor variable was able to significantly
improve the retrieval accuracy of photosynthetically active biomass opposed to using a
single-wavelength LiDAR alone.  
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Abstract
The concept for a multi-spectral, full-waveform canopy LiDAR instrument was tested by simulating return
waveforms using a model providing ecological sound tree structure (TREEGROW) and a model of leaf optical
properties (PROSPECT). The proposed instrument will take measurements at four different wavelengths,
which were chosen according to physiological processes altering leaf reflectance and transmittance. The
modelling was used to assess both the structural and physiological information content such an instrument
could provide, especially whether the normally structure-dominated return waveform would pick up small
changes in reflectance at the leaf level. Multi-spectral waveforms were simulated for models of single Scots
pine trees of different ages and at different stages of the growing season, including chlorophyll concentration
induced changes in leaf optical properties. It was shown that the LiDAR waveforms would not only capture
the tree height information, but would also pick up the seasonal and vertical variation of NDVI computed
from two of the four MSCL wavelengths inside the tree canopy. The instrument concept was further tested in
a simulation of a virtual forest stand constructed of 74 trees of different ages according to measurements taken
on a field site being 20 by 20 meter in size. A total of 1521 NDVI profiles were computed and mean NDVI
corrected backscatter was compared to the actual canopy profile of the virtual stand. The profiles picked
up the seasonal variation of chlorophyll within the canopy, while the return of ground remained unchanged
from June to September. Thus, it was shown that a MSCL instrument would be able to separately pick up
the physiology of canopy and understorey and/or soil. It was found that occlusion would mask the lower
parts of the canopy volume within the stand and the seasonal variation of this occlusion effect was quantified,
being larger in September, when the the absorption of canopy elements is higher. In addition, it could be
demonstrated that a new multi-wavelength LiDAR predictor variable was able to significantly improve the
retrieval accuracy of photosynthetically active biomass opposed to using a single wavelength LiDAR alone.
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1. Introduction
Understanding the dynamics of the global carbon
cycle is one of the most crucial scientific and soci-
etal problems of the 21st century. A key part of this
understanding is being able to measure and monitor
the magnitude of terrestrial carbon sinks, by mapping
their horizontal and vertical structure, their rapid as
well as long term changes as a result from natural
Preprint submitted to Elsevier June 11, 2009
and human-induced disturbances (e.g. deforestation,
fire, desertification) and the subsequent recovery pro-
cesses. Earth observation has always played an im-
portant role in assessing the spatial extent and the
wealth of terrestrial ecosystems. Especially multi-
and hyperspectral remote sensing has been shown to
be capable of estimating important physiology sig-
nals [Nichol et al., 2000, 2002; Malthus and Karpou-
zli, 2003], due to it’s sensitivity to detect spectral fea-
tures (e.g. the red edge) that are caused by biochem-
ical processes at the leaf or needle level. However,
passive optical remote sensing of vegetation canopies
suffers from the fact that the measured signal con-
tains contributions from both the canopy structure
and the biochemical properties of canopy elements
[Asner et al., 2000; Koetz et al., 2004]. Multi-angular
observations could provide a means to unmix these
two components, however, it still can not provide a
direct way to estimate the vertical canopy structure
[Kimes et al., 2006]. Synthetic aperture radar (SAR)
as an active remote sensing method could overcome
some of these limitations, however, it has been shown
that SAR backscatter will saturate for high biomass
values [Durden et al., 1991; Le Toan et al., 1992;
Mougin et al., 1999]. This effect is stronger for shorter
wavelengths like X-,C- and L-band, but even for longer
wavelengths such as used in P-band systems, sat-
uration might occur for biomass values above 100
tons per hectare [Imhoff, 1995]. On the other hand,
single-wavelength laser remote sensing has been widely
used to infer estimates of vegetation structure and
biomass [Lefsky et al., 1999; Hyyppa¨ et al., 2001;
Næsset, 2002; Lim et al., 2003; Lovell et al., 2003;
Patenaude et al., 2004; Morsdorf et al., 2006], at var-
ious scales ranging from single-tree level [Morsdorf
et al., 2004] to landscape-level depending on the ap-
plication and/or LiDAR system used [Lefsky et al.,
1999; Harding et al., 2001]. For example, the LiDAR
waveforms obtained by the space-borne geoscience
laser altimetry system (GLAS) instrument onboard
of ICESat have been successfully exploited for esti-
mations of above ground biomass [Harding and Caraba-
jal, 2005; Rosette et al., 2008]. Passive multi- and/or
hyperspectral earth observation (EO) systems have
been used to provide complimentary estimates of the
physiological state of vegetation, including the dis-
crimination of healthy versus stressed canopies [Nichol
et al., 2000]. First attempts of fusing the two ob-
servation systems have mostly been looking at de-
riving some structural information from the single-
wavelength LiDAR data in order to reduce uncer-
tainty in the retrieval of biochemical canopy proper-
ties [Koetz et al., 2007]. The combination of both ap-
proaches into an active multi-spectral LiDAR should
join the capabilities of LiDAR and passive multi-spectral
EO, while remedying some of their shortcomings when
used on their own [Koetz et al., 2007], such as the de-
pendency on solar illumination when using passive
instruments or shadowing effects. The multi spec-
tral approach we propose includes wavelengths for
measuring the 3-dimensional distribution of both the
fraction of incident PAR absorbed by the vegetation
canopies (fapar), as well as their photosynthetic light
use efficiency (LUE). A recent study showed that the
these factors do vary vertically [Damm et al., 2009],
thus a profiling instrument such as the proposed one
would be able to provide more accurate estimates of
canopy GPP. The selection of wavelengths for the
MSCL is based on research of Nichol et al. [2000,
2002], who has demonstrated the utility of narrow
waveband (hyperspectral, passive) reflectance indices
for assessing canopy photosynthetic light use effi-
ciency (￿) of vegetation. Light use effiency is a key
parameter required for the calculation of carbon up-
take of vegetation. The biophysical basis of this ap-
proach is well established: when excess light is ab-
sorbed by chlorophyll the ￿ falls and the relative pro-
portions of a set of accessory pigments (xanthophylls)
change, causing a measurable change in both ￿ and
the reflectance centred at 531 nm. This change can
be measured with high resolution spectroradiometry
and incorporated into a spectral index (using a refer-
ence waveband centred at 550 nm) called PRI (Pho-
tochemical Reflectance Index). This allows for re-
mote measurement of ￿ over whole landscapes [Ga-
mon et al., 1997]. All canopy PRI work to date has
been carried out with passive optical sensors. With
this in mind we selected the wavelengths of 531 and
550nm as two of the four laser wavelengths. The
other two wavelengths that the MSCL measures at
are 670 and 780 nm and therefore located on either
side of the red-edge such that we may discriminate
woody and non woody vegetation. As stated above,
most work to date on forests has been through the
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fusion of multispectral imagery with standard pro-
filing Lidar with no work carried out on the poten-
tial of multispectral Lidar for vegetation mapping.
The advantages of using active multi-spectral sys-
tems over passive ones are that they (i) provide 3-
dimensional information on physiology that fusion
cannot provide, (ii) provide a signal that is indepen-
dent of the variable solar illumination conditions re-
quired by passive techniques and, (iii) because it is
a backscattered signal, it eliminates the geometric
viewing, and many of the multiple scattering effects
that must be accounted for in passive remote sens-
ing. The nearest equivalent concepts to aMSCL have
been presented by Rall and Knox [2004] who de-
scribe a spectral ratio biospheric Lidar and Tan and
Narayanan [2004] who constructed a lab-based multi-
spectral polarized LiDAR system for vegetation re-
mote sensing. A laboratory based prototype of aMSCL
instrument was developed by the University of Edin-
burgh and the UK based company SELEXGALILEO,
a publication concerning the protoype instrument, it’s
technology and first lab based experiments is in prepa-
ration. In addition to the lab experiments, the aim
of this modelling study is to illustrate some of the
potential advantages of a multi-spectral LiDAR for
both the estimation of vegetation structure and phys-
iology and to potentially feed back some insights into
the constraints for the technical specifications of an
airborne instrument.
The scope of this study is to test the concept of
a multi-spectral LiDAR instrument. More specifi-
cally, our objectives are (i) to show that it is possi-
ble to capture a vertical profile of leaf level physiol-
ogy with a MSCL, (ii) that multi-spectral backscatter
(with wisely chosen wavelengths) is a better indica-
tor of photosynthetic active canopy volume than sin-
gle wavelength backscatter and (iii) that an MSCL
could be used to separately assess the optical proper-
ties of different strata in a complex environment such
as a forest stand. Those objectives will be achieved
by combining a tree structural model, a leaf optical
properties model and a model of the LiDAR mea-
surement process together with auxiliary data about
typical physiological changes occurring during a grow-
ing season.
2. Methods
The modelling approach used to simulate LiDAR
return waveforms in this study consists of three dif-
ferent modelling components, one each for the leaf
optical properties, the tree structure and the LiDAR
measurement process. The modeling approach cho-
sen is very similar to other geometric-optical mod-
elling approaches [Ni-Meister et al., 2001; Sun and
Ranson, 2000; Kotchenova et al., 2003], but at much
higher spatial resolution. This is due to using eco-
logically calibrated fractal models of tree geometry,
which explicitly resolve the tree geometry down to
the shoot level. The different modelling components
comprising the chosen approach and their inputs and
outputs are described in detail in the next three sec-
tions, followed by a description of the sensitivity ex-
periment setups for single trees and a real world for-
est stand.
2.1. Leaf optical properties
A widely used model of leaf optical properties
(PROSPECT Jacquemoud and Baret [1990]) was in-
strumented to compute reflectance and transmission
values of leaf tissue at the proposed MSCL wave-
lengths. PROSPECT was not explicitly designed to
model needle reflectance, as it constructs the leaf from
a number of parallel plates to resemble broad-leaf
structure. However, as was shown by Moorthy et al.
[2008], inversion performance of needle biochemi-
cal properties were just as good, if not better, using
PROSPECT opposed to using the LIBERTY model
[Dawson et al., 1998]. The LIBERTY model was
specifically designed to model needle reflectance val-
ues, but is slightly more difficult to parametrize. PROSPECT
has four main variable input parameters, which are
leaf water and chlorophyll content, a leaf structure
parameter (number of plates) and dry matter content.
Furthermore, it contains absorption coefficients for
specific leaf components, which might be re-calibrated
for different species as in Malenovsky et al. [2006].
As we were interested in determining the capability
of detecting changes in the leaf phenology during a
growing season, we varied the chlorophyll concen-
trations for first and second year needles according
to values measured by Moorthy et al. [2008], which
are presented in Table 1. In their study, monthly
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chlorophyll concentrations in first and second year
pine needles were measured over four months, from
June to September. Chlorophyll concentration changes
are much larger and increase strictly monotonically
for first year needles, while for second year needles
the increase over time is much smaller, with even a
decrease from July to August. Thus for each month,
different chlorophyll values were used, leaving all
other input parameters constant. Leaf water content
would be expected to vary as well during a growing
season, but would not affect the MSCL wavelengths,
hence it was not considered here.
Table 1: Chlorophyll concentrations used for modelling pine
needle reflectance as measured and published by Moorthy et al.
[2008].
Measured Chlorophyll First year Second year
[µg/m2] needles needles
June 16.67 37.5
July 22.90 43.8
August 24.52 40.5
September 29.28 42.2
The gained reflectance and transmittance values
(see Figure 1) were then assigned to cylinders in the
TREEGROW output representing shoots. For bark
and twigs, spectra of pine trees were used, as mea-
sured using an Advanced Spectral Devices (ASD)
field spectrometer [Koetz et al., 2004]. Altough the
prototype of the MSCL is recording backscatter at
four different wavelengths, the focus of this study
will be on only two of the wavelengths due to the
inability of the used leaf optical property model to
explicitly model the biochemical processes that are
mainly relevant for the changes at the PRI related
wavelength pair.
2.2. Tree structural model
We used the TREEGROW model [Leersnijder,
1992] to produce ecologically sound representations
of Scots pine trees at different ages. The model has
been parametrized to simulate both Scots pine and
Norway spruce trees found on a test site in Sweden
(see Woodhouse and Hoekman [2000] for details). It
has been used previously by Woodhouse and Hoek-
man [2000] and Disney et al. [2006] to model radar
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Figure 1: Spectral response of leaf reflectance and transmit-
tance as modelled by PROSPECT. The filled green areas de-
note the range of values spanned by the chlorophyll concentra-
tions presented in Table 1. The vertical black lines represent the
MSCL wavelengths.
backscatter and passive imaging spectroscopy signa-
tures, respectively.
The model output consists of cylinders of differ-
ent sizes representing branches and shoots, with the
age of each branch being stored by the model. These
ages are later used to assess the development stage
of each cylinder and assign reflectance values of ei-
ther needles or bark to the cylinders. The cylinders
representing the shoots are constructed using a semi-
transparent surface texture in the ray-tracers scene
files, in order to account for shoots not being opaque
(see Figure 2). Thus, each ray had a certain chance
of either interacting with a shoot or passing through
unaltered. A more sophisticated implementation of
shoot scattering (such as described by Disney et al.
[2006] or Smolander and Stenberg [2003]) is cur-
rently in development. However, it should be noted
that the two methods described in the papers above
are solely based on model simulations and not on
measurements made on real shoots. In addition, a
parametrisation of shoot scattering might need to be
adapted from incoherent solar and diffuse illumina-
tion to coherent LASER light used in LiDAR sys-
tems. Regarding the virtual growing conditions of
the TREEGROW trees, the default light versus age
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Figure 2: Grayscale rendering of the modeled Scots pine tree at 5 different ages. The default TREEGROW light versus age curve
(top left) was used to account for self-pruning and thinning.
curve was used to establish thinning and pruning in
the model trees, as if they would have grown in a
managed forest stand. This was done as in the second
modelling stage the generated trees would be used to
construct stand-sized forest patches.
2.3. LiDAR measurement model
The approach to model LiDAR returns used in
this study was previously developed and published
by Morsdorf et al. [2007]. It builds upon the open-
source ray-tracing program POVRAY2, whose scene
and light descriptions could be adapted to represent
the LiDAR measurement process. It incorporates re-
flectance and transmission, and could potentially ac-
count for full multiple scattering, however in the way
that the model is implemented now, it only allows for
brightness changes induced by multiple scattering on
objects that are within the camera path, and does not
consider path delays. Still, as the monostatic Li-
DAR measurement is within the so-called hotspot
2http://www.povray.org/
area, and according to Disney et al. [2006], about
86 % of the backscattered energy in this case is due
to single scattering. The POVRAY scene descrip-
tion enables the user to construct scene with arbitrary
complex geometry, as such it was quite straightfor-
ward to convert the TREEGROWoutput into POVRAY
readable files. Light distribution can be explicitly
modelled across beam and thus can be set up to match
those of existing LiDAR instruments. POVRAY is
being used to model both a depth and an intensity im-
age from the perspective of the emitter/receiver op-
tics; these two images are then combined to form an
approximate cross-section profile assuming the sin-
gle canopy elements act as Lambertian scatterers. Fol-
lowing that, this cross-section is convoluted with a
laser pulse of specific length and shape, again ac-
cording to the specification of the prototype instru-
ment.
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2.3.1. Constructing an ALS return signal
We use a special version of povray, MegaPov3,
which additionally is able to write a depth image
from the rendered scene based on the camera posi-
tion. The depth image stores the distance between
the camera and the ray’s first hit in an orthographic
projection. The resolution of the images was chosen
so that a horizontal resolution in the model domain of
about 2 cm for both the single tree and the stand wise
experiments was achieved. A combination of the in-
tensity image (povray’s primary rendering product)
with the depth image will then yield the basis for
computing the return waveform, the so called cross
section. As presented in Wagner et al. [2006], the
backscatter cross-section σ is defined as follows:
σ =
4π
Ω
ρAs (1)
Ω is the angle defining a back scattering cone due
to surface roughness, ρ is the reflectivity of the scat-
terer and As is the illuminated area of the scattering
element. From the rendered depth and intensity im-
ages, the cross section is computed by summing up
the pixels P for each range binRi−Ri+1 based on the
depth image and multiplying it with the respective
mean intensity I¯ from the intensity image according
to Equation 2.
σ(Ri, Ri+1) = 4 ∗
Ri+1￿
Ri
P ∗ I¯Ri+1Ri (2)
This method is assuming that the leaves are acting as
Lambertian scatterers which means that directional
component of Equation 1, 4πΩ can be neglected, as the
scattering is uniform across the hemisphere. Now we
have computed a range dependent description of the
cross-section of the scattering elements in the path of
the laser beam rather than the real return waveform
of a laser pulse. The final step for computing the re-
turn waveform is to model the actual interaction of
the laser pulse with this cross section. Wagner et al.
[2006] used a time (which can be considered to equal
range) dependend version of the RADAR equation
as presented by Baltsavias [1999] to compute the re-
turn waveform of a LiDAR system; it is presented in
3http://megapov.inetart.net/
Equation 3. The power at the receiver over time t can
be expressed as:
Pr,i(t) =
D2r
4πR4iβ
2
t
Pt(t) ￿ σi(t) (3)
where Dr is the aperture diameter of the laser re-
ceiver and σi is the differential cross section of the
scatterer. ￿ is the convolution operator. Pt is the
power of the laser pulse leaving the transmitter, R is
the distance between laser system and scatterer, Dr
the aperture diameter of the receivers optics, while
βt is the beam divergence. Pt(t) is the transmitted
power over time, which manifests the laser pulse.
Thus, for obtaining a real waveform, the cross-section
obtained from Equation 2 still needs to be convoluted
with a specific laser pulse. For the MSCL system, the
pulse is Gaussian shaped and has a duration of 4.75
nanoseconds full-width at half-maximum (FWHM),
which is equivalent to about 1.4 meter in range. Such
a pulse is used for the simulations in this study. An
illustration of the modelling process can be found in
Figure 3 and the model development and validation
is described in more detail in Morsdorf et al. [2007].
2.4. Experiment setup
2.4.1. Treewise sensitivity analysis
TREEGROW was used to grow the same Scots
pine tree from year one to year 50, with the data
being exported to a POVRAY scene file every year.
Trees aged from 10 to 50 years were used, and tree
heights obtained reached from 2.5 to just over 18 me-
ters. For each of the tree ages, four different trees had
shoot reflectance assigned with reflectance based on
the chlorophyll concentration for June, July, August
and September. Note that first and second year nee-
dles would get different reflectance values based on
their different chlorophyll concentrations. Thus, if
the ratio of first to second year needles changes dur-
ing maturing of the tree, it is expected to be observed
in the modelled waveforms. The LiDAR model was
set up in a way that a single tree would be situated on
a flat, horizontally levelled, spectrally homogeneous
plane with a spectral response of an Ericaceae under-
story (see Koetz et al. [2004] for details). The sim-
ulated LiDAR instrument illuminated the tree from
directly above, being placed at a height of 500 m.
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Figure 3: Illustration of waveform generation process based on
intensity and depth image (top). The cross-sections (a) derived
from these images are convoluted with a Gaussian shaped laser
pulse (b) to obtain the modeled LiDAR return waveforms (c).
To ensure that the total energy available to the scene
would not change, the beam size was fixed for all
trees at different ages (and thus sizes) by making sure
that the tallest tree was completely contained within
the illuminated area. The LiDAR pulse shape was
to be assumed to be Gaussian and the pulse length
was set to 4.75 ns ( 1.43 m, FWHM), resembling the
pulse length of the prototype instrument. For each
of the four LiDAR wavelengths (531,550,670 and
780 nm) to be modelled, one (greyscale) POVRAY
scene file had to be produced, since POVRAY al-
lows for only one transmittance value in its RGB
colour model. This would have been unrealistic, as
we know that leaf/needle transmittance is wavelength
dependent. Consequently, using distinct grey-scales
scenes for each wavelength significantly increased
rendering times opposed to tracing three wavelengths
in one RGB scene.
2.4.2. Simulations of forest stands
The single tree experiment presented in Section
2.4.1 was designed to test for the information con-
tent of multi-spectral LiDAR waveforms under ideal
conditions, that are those of single, isolated trees be-
ing centered within the LiDAR beam, excluding er-
rors resulting from the across beam energy distribu-
tion and tree tops being at the edge of the illumi-
nated area. Such an effect was shown for an airborne,
large-footprint, full-waveform instrument (LVIS). It
was found that LVIS underestimated plot level tree
height, if the tallest trees of the plot were at the edge
of the LiDAR footprint, where less light is available
[Hyde et al., 2005]. Therefore, to fully illustrate the
potential of a small-footprint MSCL, we needed to
test the concept in a more realistic environment.
We used field measured values of tree locations,
tree height and crown dimensions to reconstruct real
forest stands for forward simulation of return wave-
forms. The site and the data is the same as for the
study of Morsdorf et al. [2004]. A library of TREE-
GROW Scots pine trees was populated with trees of
age of 10 to 50 years in one year increments. The
height range spanned by those trees was 2.5 to 18,
which contains the range of field measured tree heights.
The forest stands were constructed by selecting the
closest tree based on height for each field measure-
ments. The model tree was then scaled to exactly
match the height and the diameter of the field mea-
sured tree and was virtually planted at the location of
the field measurement. A random rotation around the
z-axis was applied to avoid systematic effects, since
basically the same tree model (with different ages)
was used to reconstruct the forest stand. Beneath
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Table 2: Specifications of virtual forest scene and virtual MSCL
instrument.
Stand properties
Stand size [m2] 400
Number of trees 74
Tree height range [m] 2.5-18
Fractional cover [%] 30
Spatial resolution [m] 0.02
MSCL properties
Wavelengths [nm] 531,550,670,780
Beam divergence
[mrad]
1
Sensor altitude (AGL)
[m]
500
Point spacing [m] 0.5
Footprint diameter [m] 0.5
Pulse length, FWHM
[ns]
4.75 (3)
Range sampling [m] 0.1
the forest canopy, the terrain was modelled using a
POVRAY height-field. Terrain heights were derived
from a LiDAR digital terrain model (DTM) of 0.5 m
resolution [Morsdorf et al., 2004], and transformed
into a POVRAY height field. For the ground beneath
the canopy, a mean soil spectrum based on field mea-
surements was used [Malthus and Karpouzli, 2003].
In order to exclude effects due to irregular point spac-
ing, the LiDAR beam was illuminating the stand on
a rectangular grid. Effects of LiDAR scan geometry
and point density were out of scope for this study and
will be covered in a separate publication. The grid
resolution was 0.5 meter, which translates to four
points per square meter, and thus resembles a quite
commonly used point density in operational, small-
footprint airborne LiDAR surveys. In addition, the
rectangular grid is better suited to visualize the data
products of the virtual MSCL instrument. The beam
divergence was set to 1 mrad and the instrument dis-
tance was set to 500 m above the virtual scene, which
would correspond to a footprint diameter at ground
level of about 0.5 m. Together with the footprint
spacing of 0.5 meter, a footprint overlap of almost
50% was achieved; in conjuction with the rectangu-
lar grid this led to all the area of the virtual scene
being sampled by the virtual instrument. A summary
of the most important features of the modelled forest
stand and the virtual MSCL instrument can be found
in Table 2.
3. Results and discussion
3.1. Vertical profiles of physiology
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Figure 4: Canopy volume profiles and simulated LiDAR wave-
forms for tree being 30 years of age. Left panel show both pho-
tosynthetic active and woody volume components, while right
panel show backscatter at 780 nm, the NDVI profile and a re-
sulting waveform from the multiplication of the two.
In Figures 4 and 5 return waveforms for 30 and
50 year old trees are plotted side by side with the real
canopy volume of the model tree. Modelling offers
the advantage of a controlled environment, where it
is very easy to measure properties of the virtual scene.
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Thus, opposed to trees in reality, for model trees it
is fairly easy to automatically differentiate between
photosynthetically active canopy volume (shoots) and
woodymaterial volume (twigs, branches) and to com-
pute their respective volume components. Canopy
volume was chosen as a proxy for biomass, as its
computation from the cylinders that comprise the model
tree is straightforward and correlation with biomass
should be strong and linear.
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Figure 5: Canopy volume profiles and simulated LiDAR wave-
forms for a 50 year old spruce. For detailed legend see caption
of Figure 4.
The modelled waveforms exhibit similar verti-
cal structures for all four wavelengths, and mainly
differ in their relative amplitudes. For this reason
we present only the 780 nm waveform in Figures 4
and 5. From those waveforms, the dominant effect
is the amount of smoothing due to the rather long
laser pulse of 1.43 meters at FWHM; all vertical fea-
tures in the canopy volume profile smaller than this
distance are smoothed out. A deconvolution of the
return waveform with the original laser pulse could
help to reveal these features, but for this step the
original laser pulse shape needs to be known and the
sampling of the return signal needs to be sufficient.
For many of todays LiDAR systems, these prerequi-
sites are not met, thus we focus on analysing the re-
turn waveforms as is, even though an airborne MSCL
will provide these features for deconvolution of re-
turn signals. A second feature of the return wave-
form is an apparent increase in tree height due to the
convolution with the laser pulse, which makes the
trees appear about 70 centimeter taller in the return
waveform. In Figure 7 a regression of LiDAR de-
rived heights with the real heights of the model trees
resulted in an R2 of 0.99, with a mean overestima-
tion of model tree height by LiDAR by about 0.7
m and an RMSE as low as 0.05 meters. As with
the smoothing effect before, a remedy to this with
a real LiDAR system would be to know the length
and the shape of the transmitted pulse and to do a
deconvolution. The height information can be very
well retrieved from the modelled waveforms, which
is not surprising, since LiDAR remote sensing is a
more or less direct measurement of canopy height,
as long as there are gaps in the canopy to infer the
ground level as well. Thus, our main interest was
to assess the physiological information content of a
multiple wavelength LiDAR system. To do so, a
representative measure has to be derived from the
waveforms; just qualitatively comparing the wave-
forms at different wavelengths would not reveal a
vertical signal in the physiology. One quantitative
measure that is widely used in passive optical re-
mote sensing is the so called normalized difference
vegetation index (NDVI). It has been used to com-
pute vegetation maps from multi-spectral data con-
taining bands in the red and near-infrared. However,
although it is widely used, in passive optical remote
sensing this band ratio will always be computed from
the mixed signal of ground and canopy, albeit for
very high resolution sensors. Using the two MSCL
wavelengths which are enclosing the red edge (the
sharp increase of reflectance/transmittance between
670 and 780 nm, see Figure 1), we are capable of
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computing a vertical NDVI profile for the modelled
trees according to the equation below:
NDV I =
R780 −R670
R780 +R670
(4)
This spectral band ratio is depicted as a green line in
the right panels of Figure 4. We were interested in
quantifying the seasonal variation in this NDVI pro-
file, which should be induced by the gain in chloro-
phyll concentration. In Figure 6, the vertical profiles
of NDVI are depicted for selected trees; the profiles
are computed for the tree crown area only. NDVI
increases towards the end of growing season, reach-
ing its maximum in September. A vertical variation
of NDVI is visible as well and could be explained by
either the light versus age curve used to alter the ratio
of green and brown canopy elements or by the ratio
of first to second year needles varying vertically in-
side the canopy, or a combination of the two. For the
stand experiments in Section 3.3, we will look more
closely at this effect by computing a normalised ratio
of green to woody canopy volume. The increase in
NDVI during the growing season is largest towards
the top of the tree, which is explained by the top hav-
ing a larger fraction of first year needles showing a
much larger variation of chlorophyll concentrations
from June to September as opposed to second year
needles (Table 1). However, the seasonal signal of
NDVI was smaller than the vertical variation inside
the tree crown.
3.2. Retrieval of photosynthetic active canopy vol-
ume
One of the main benefits of a multi-spectral Li-
DAR would be to more accurately provide estimates
of the photosynthetic active (PA or green) biomass,
and thus providing a better estimate of gross primary
productivity (GPP). It is well known that LiDAR in-
struments can provide good estimates of the verti-
cal canopy profile, but the single wavelengths used
in previous studies are failing to distinguish between
woody and leafy canopy material. Thus, we com-
puted the total canopy volume for each tree crown
and correlated those with the LiDAR backscatter from
the tree crown. The vertical extent of the tree crown
was inferred manually based on the decrease of backscat-
tered energy after the crown maximum. This way,
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Figure 6: NDVI profiles during a growing season for model
trees of different ages. Gray scales denote ages, line styles de-
note month. NDVI varies vertically and is largest towards the
end of the growing season, when needles have their maximum
chlorophyll concentration.
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Figure 7: LiDAR tree height as measured by the model versus
artificial tree height. For determination of tree height an adap-
tive thresholding algorithm was implemented. The systematic
overestimation is due to the convolution with the LiDAR pulse.
height values for distinguishing crownmaterial/backscatter
from non-crown parts were estimated for each tree.
The LiDAR backscatter was processed in two dif-
ferent ways, first just by summing up the backscat-
tered energy at 780 nm (not affected by changes in
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chlorophyll concentration) and then by multiplying
the backscatter at this wavelength with the NDVI pro-
file to possibly retrieve a backscatter value adapted
to the ratio of green to brown canopy elements. The
waveform at 780 nm should be representative of the
structural profile of canopy elements, while the NDVI
profile will be related to the ratio of green and brown
biomass and the state of the physiology. In Figure
8, these two LiDAR backscatter indicators computed
for each of the nine trees and the months June and
September are plotted over photosynthetic active canopy
volume as derived from the model trees.
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Figure 8: LiDAR backscattered energy of the tree crown ver-
sus photosynthetic active canopy volume. Using just a single,
unmodified waveform (780 nm, top) will yield lower r-square
and higher RMSE (as estimated by cross valdiation) than us-
ing a NDVI corrected waveforms in both June and September
(middle and bottom).
Using only the backscatter at 780 nm as a pre-
dictor variable, 83 % of the photosynthetic active
canopy volume variation in the trees of different ages
can be explained. Using the NDVI corrected backscat-
ter, this value increased to 89 % and 91 % explained
variance for June and September, respectively. The
RMSE (as estimated by cross validation) decreases
from 0.0178 m3 for the canopy backscatter at 780
nm to 0.0102 and 0.0089m3 for the NDVI corrected
backscatter in June and September. This increased
accuracy is revealing a potential benefit of using mul-
tiple wavelengths for estimation of photosynthetic ac-
tive vegetation elements. Of special interest was how
the seasonal cycle in needle reflectance might be able
to mask actual PA canopy volume. The change in
needle reflectance will alter the NDVI profile used
for the retrieval of green canopy volume, and thus,
there will be more apparent green canopy volume in
September. However, this effect only slightly alters
retrieval accuracy of PA canopy volume, the differ-
ence in both R2 (0.89 vs. 0.91) and RMSE (0.0102
vs. 0.0089) as induced by the phenology is quite
small (Figure 8). Therefore, the benefit of using an
NDVI corrected waveform for retrieval of green canopy
volume outweighs the uncertainty introduced by the
changes in physiology. Saturation in those regres-
sions is not visible, very likely due to the fact that
the LiDAR is able to provide not only backscattered
energy (as for RADAR), but as well a more or less di-
rect estimate canopy height. LiDAR should only fail
to provide reasonable estimates of biomass in case
of close to 100 % canopy cover, where the canopy
height measurement would fail. This would be the
case if the LiDAR pulse did not penetrate through
the canopy to reach the ground, which would con-
sequently be occluded by vegetation. This effect of
occlusion should bear a seasonal cycle (in addition to
the obvious leaf-on/leaf-off states), as the absorption
of canopy elements (especially those of the first year
needles in the upper canopy) is higher in September
(see Figure 1) and thus, less light should be available
to illuminate the lower parts of the canopy. We stud-
ied this effect of hidden biomass in the stand-wise
experiments presented in Section 3.3
3.3. Complex forest stands
In Figure 9 a three dimensional rendering of the
NDVI profiles for the simulated stand is presented.
For each point in the modelled waveforms, a NDVI
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Figure 9: Modelled NDVI profiles as they would be measured by a MSCL for a virtual forest stand reconstructed from field
measured tree locations and dimensions (left for June and right for September). For each profile, NDVI values are only plotted if
the backscattered energy is above zero, thus the gaps inbetween canopy and ground. Rendering of TREEGROW generated tree
geometry for the virtual forest stand (middle). Different colors have been used to visualize the stages of shoot development, light
green for first year needles, dark green for needles that are older than one year and brown for twigs and bark.
value is computed and is only plotted, if the backscat-
ter at 780 nm exceeds a certain, very low threshold.
This way, we ensured that NDVI profiles are not plot-
ted for regions where little to none canopy material
is contained within the footprint (e.g. for stems, see
linear increase of NDVI in Figures 4 and 5). This
allows for better visibility of the single profiles in
Figures 6 and 9. The general shape of the NDVI
profiles from the single tree experiments is evident
in the small-footprint stand-wise experiment as well.
There are higher NDVI (around 0.6) values towards
the top of the canopy, with lower values at the bottom
of the tree crowns, where there are generally more
woody branches within the model trees. NDVI at the
tree top is higher again in September than in June
(0.7 to 0.6), while the NDVI values at the lower part
of the crowns remains largely unaffected by the sea-
sonal cycle. An interesting feature can be observed
at the ground level. The ground height-field was con-
structed using the height values of the DTM, which
was converted into a triangulated irregular network
(TIN). Subsequently, each TIN facet was assigned
with the seasonal and spatially constant reflectance
values of a typical soil. However, NDVI values on
the ground are not spatially uniform, there is some
variation of NDVI values, spanning a range of about
0.1, being between 0.1 and about 0.2. The effect of
slightly higher NDVI values is especially evident be-
neath the tree crowns, which leads to multiple scat-
tering and/or absorption within the canopy as possi-
ble causes. As stated in Section 2.3 the modeling ap-
proach considers illumination differences caused by
multiple scattering, but associated path length differ-
ences are not taken into account. Further model stud-
ies will carried out to test whether this effect is robust
and will shed some light on it’s origin.
To quantify the seasonal variation in NDVI for
the whole forest stand and to link it with the green
and woody canopy volumes, we computed average
stand wise profiles of the respective properties, which
are presented in Figure 10. In the left panel, ac-
tual canopy volume (split into both green and woody
component) and a normalised difference index of green
and woody canopy volume (blue line) is computed
as an equivalent to the NDVI profiles computed from
the modelled return waveforms (blue lines, right panel).
The computation of the normalised difference index
for the canopy volumes components is similar as in
Equation 4, but backscattered energy at 670 nm is be-
ing replaced by green canopy volume and backscat-
tered energy at 780 nm is being replaced with woody
volume. It is quite evident that the shape of this
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Figure 10: Profiles of canopy volume (left) in the virtual forest stand and modelled LiDAR backscatter (right). For the left panel, a
normalized difference index of green versus woody canopy volume has been computed, while for the LiDAR backscatter an NDVI
profile was computed (right panel). The whole 1521 LiDAR waveforms of the modelled stand have been averaged for the profiles
in the right panel.
normalised difference ratio of the two canopy vol-
umes profiles is quite similar with that of the NDVI
profiles, especially for the upper canopy. For the
lower parts of the canopy profile, occlusion effects
might decrease the explanatory value of the NDVI
profile as a predictor for the ratio of green and woody
canopy components. The ratio of the top peak (at
∼10-12 m) to the lower canopy components (at ∼4-
8 m) in green canopy volume (left panel of Figure
10) is clearly different to that of the respective ra-
tio of the NDVI corrected backscatter (right panel of
Figure 10). Thus, less backscattered energy is re-
ceived from the lower parts of the canopy of that vir-
tual forest stand. In addition, the NDVI profile has
a seasonal cycle, as for the single tree experiment.
The signal is larger in the upper part of the canopy
and not as dominant in the lower part. One needs to
keep in mind that these profiles are now containing
both the vertical stratification within tree crowns and
within the stand (mixture of small and large trees).
Thus, the seasonal variation of NDVI at the lower
parts of the canopy profile will more likely be in-
duced by smaller trees, whose first year needles are
lower in the canopy.
Among other things, the capabilities of a multi-
spectral LiDAR to quantify green canopy volume will
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Figure 11: Vertical profile of ratio of actual green canopy vol-
ume and modelled, NDVI corrected LiDAR backscatter, quan-
tifying the effect of occlusion. The two signals have been nor-
malised using their maximum values at about 12 m canopy
height.
be influenced by both the effect of occlusion of lower
elements within the canopy and the status of the phe-
nology, very likely by a combination of the two. The
point regarding occlusion is valid for all LiDAR sys-
tems, though. The effect of occlusion has been exten-
sively covered in LiDAR literature, one of the pos-
sible correction methods is commonly referred to as
the MacArthur-Horn transformation [MacArthur and
Horn, 1969]. It has been used in a number of full-
waveform LiDAR studies before, e.g. in Lefsky et al.
[1999] and Harding et al. [2001]. We do not use this
correction here (yet), as the scope of the paper was to
test for the explanatory value of LiDAR waveforms
based on a well known tree geometry in a controlled
environment. Once the errors due to occlusion are
quantified, one might test possible correction meth-
ods such as the MacArthur-Horn transformation. As
leaf absorption increases during the growing season,
the amount of energy that is available to illuminate
the lower parts of the canopy should get lower to-
wards Fall. Thus, occlusion will be stronger, the
amount of hidden biomass will increase and the ex-
planatory value of the NDVI corrected backscatter
for the lower canopy should be lower compared to
Spring. To quantify this effect and its seasonal varia-
tion, we computed a vertical ratio of apparent, NDVI
corrected canopy profile versus the actual green canopy
profile for both June and September. The resulting
curves are normalized with their respective values at
about 12 meter canopy height, the location of the
maximum backscattered energy (see Figure 10 for
reference) and plotted in Figure 11. As Figure 11
shows, up to 3 to 4 times more green canopy mate-
rial is present in the lower parts of the canopy, than
we would be able to detect with a uncorrected (e.g.
MacArthur-Horn) waveform. It should be noted though
that only a smaller percentage (about 10 to 20 %)
of total green canopy volume is contained in these
lower parts of the canopy, thus the total error for
estimating green canopy volume for sparser stands
such as ours (30% canopy cover) should be relatively
small.
4. Conclusions
The scope of this work was to illustrate the poten-
tial advantages and data products of a multi-spectral
canopy LiDAR (MSCL) in a modelling study. Us-
ing a tree structural model and a model of leaf op-
tical properties, we simulated multi-spectral return
waveforms for Scots pine trees of different ages (or
heights) and different physiological states during a
growing season. Chlorophyll concentration of the
green canopy elements was altered according to field
measurements.
It was possible to pick up both the signal of tree
growth (height evolution) and the change in chloro-
phyll content over a growing season by computing
NDVI profiles of the trees. NDVI would vary verti-
cally inside the tree crown to a larger extent than it
would do seasonally, with the largest seasonal vari-
ations being in the top part of the tree. The first
year needles, which are abundant at the top of the
tree (as parametrized by TreeGrow), can explain this,
since they show a much stronger seasonal variation
of chlorophyll content. As the structural signal in
NDVI is stronger than the seasonal, for an opera-
tional MSCL it has to be made sure that all the wave-
lengths are sampling the same part of the canopy
structure. A newmulti-spectral LiDAR predictor vari-
able for photosynthetic active canopy elements was
defined bymultiplying the NDVI profile and the backscat-
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ter profile at the reference wavelength of 780 nm.
This predictor variable explained a larger percent-
age of photosynthetic active canopy volume varia-
tion than a single wavelength alone was able to. An
implementation as a full-waveform system is better
suited for a multi-spectral LiDAR, since discrete re-
turn data (at least range distances) is less suscepti-
ble to changes in object reflectance [Morsdorf et al.,
2007]. Occlusion of lower biomass by canopy ele-
ments above will always occur, thus producing the
so-called hidden biomass. We were able to show
that a MSCL would be able to separately measure ef-
fects of canopy and ground reflectance. In our mod-
elled forest stand, a simple NDVI threshold would
be sufficient to separate ground returns from canopy
returns, as the soil type of ground was spectrally dif-
ferent to the canopy. This NDVI threshold would
work as well in the case of so-called mixed returns,
where the convolution with the laser pulse will blend
any objects within a range distance of half the laser
pulse length. Still, for applicability of this method
in a larger context, one would need to consider how
many of the earth’s ecosystem types do have such a
sharp gradient in reflectance of ground and canopy
elements. We have shown that a MSCL would, as
would single wavelength, full-waveform LiDAR sys-
tems, pick up the canopy structure (tree height) with
great accuracy. In addition, a multi-spectral canopy
LiDAR will as well be able to pick up the signal
of phyisiology induced through changes in chloro-
phyll concentration at leaf level and increase the ac-
curacy of retrieval of green biomass. Regarding pro-
files of PRI, a specifically calibrated model of leaf
optical properties that incorporates the xanthophyll
cycle will have to be used to show in which way a
MSCL would pick up these small changes of leaf
reflectance. However, as PRI can now be assessed
using low-resolution passive optical spaceborne plat-
forms Grace et al. [2007], it is quite evident that an
airborne active platform should as well be able to
provide this information. The vertical profiles de-
livered by the instrument will allow adressing upper
canopy and understorey separately, something pas-
sive optical remote sensing alone fails to deliver. In
addition to providing a vertical profile, LiDAR sig-
nals are always measured in the hotspot area and thus
do not suffer from BRDF effects as in passive optical
remote sensing. These benefits manifests the possi-
ble role multi-spectral LiDAR remote sensing could
play in addressing one of the most delicate science
challenges today: understanding the global carbon
cycle. While global, multi-temporal coverage of the
earth’s surface may seem technically unfeasible for
now, the unmatched information content a MSCL in-
strument would provide will play an important role
in process studies and upscaling approaches.
5. Outlook
LiDAR model improvements for future studies
will include accounting for full multiple scattering
and a thorough implementation of shoot scattering.
The latter will be partly based on a set of labora-
tory experiments carried out with the prototype. The
modelling of leaf optical properties needs to provide
the relation of leaf level reflectance with the xan-
thophyll cycle. This will enable us to simulate the
phenological and/or stress induced variations at the
wavelengths foreseen for PRI computation. In a more
general context, the radiative transfer modelling of
multi-spectral full-waveform LiDAR data started in
this study is needed to further help to understand and
quantify the contribution of various vegetation prop-
erties to the return signals so that new, innovative
methods for biophysical and biochemical parameter
estimation can be established, e.g. by inversion of
these physically based models.
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